A Generalized Maximum Entropy (GME) approach is adapted to empirically estimate crop-specific production technologies in Chinese agriculture. Despite a modest behavior assumption about equal marginal returns of non-land inputs among crops, this method does not require price information, which is usually distorted in a centrally planned economy such as China. Multi-output technologies for seven regions over more than two decades are estimated, and input allocations for each province are recovered simultaneously. The estimated multi-output production technology and input allocations imply that China may have greater grain production potentials than previously thought.
INTRODUCTION
One of the most difficult problems associated with the estimation of agricultural production function is that crop-specific input usage is generally not available. In the past, there have been several approaches in estimating crop-specific inputs (Just, Zilberman, and Hochman, 1983; Shumway, Pope, and Nash, 1984; Shumway, 1988; Just et al., 1990; Lence and Miller, 1998a, 1998b) . A classical approach is to use the relationship between input allocations and production parameters under the assumption of profit maximization (Shumway, Pope, and Nash; Just et al.) . However, this assumption is often rejected by empirical production analysis (Love, 1999) . Moreover, in many centrally planned economies, both prices and quantities of inputs and outputs are heavily regulated and distorted by the government, making it even more difficult to recover input allocations based on price information and the standard profit-maximization assumption.
A more practical approach is to assume that input allocations follow some behavior rules such as equal fixed inputs per unit of activity (Just et al.) . In other words, some restrictive assumption about production technology has to be imposed.
More recently, Lence and Miller proposed a Generalized Maximum Entropy
(GME) approach to estimate multi-output production function and to recover input allocations simultaneously. This approach does not require behavioral assumptions, but does accommodate nonsample information about plausible factor share allocations.
Using Monte Carlo simulations, Lence and Miller show that this approach has better performance relative to other methods. But so far, no empirical application of this method has been seen to our knowledge. It is not clear whether this method can be adapted to an empirical production analysis in recovering input allocation information.
The objective of this study is to empirically estimate production functions and to recover the input allocations in Chinese agriculture simultaneously, using the GME approach. There are several reasons for choosing China. Firstly, China is the largest grain producer, as well as the largest consumer in the world. Even a small change either in grain production or consumption will have a large impact on the world grain market.
As the significant differences among projections for China's future food balance are primarily due to the disagreement in the supply side, i.e., future potential of grain production (Fan and Agcaoili-Sombilla, 1997) , it is crucial to identify grain production technology correctly.
Over the last decade, there have been a few empirical studies estimating grain production or yield functions for Chinese agriculture (Lin, 1992; Huang and Rozelle, 1995; Wu and Meng, 1995; Zhang and Carter, 1997) . Due to lack of crop-specific input information, all these studies had to make some strong assumptions about input use. Huang and Rozelle (1995) and Wu and Meng (1995) use total inputs for agriculture to estimate the grain yield function or production function, respectively. As we know, the input use of grain is very different from that of other crops. For example, grain production may use less labor and fertilizer than cash crops. Lin derived labor use for crop production based on the shares of output values of crops in total agricultural output value. The underlying assumption of this method is that labor elasticities are the same for crops and noncrops.
Zhang and Carter generated labor and fertilizer inputs for grain production using provincial labor and fertilizer input shares from the Provincial Production and Cost Survey, and applying them to the county-level data. However, the reliability of the survey data has been questioned by Colby, Crook, and Webb (1992) for its extremely small sample size, e.g., only six households surveyed in Shanxi Province in 1984 and for nonrandomness of the sample. As a result, due to lack of crop-specific input information, previous estimates of grain production functions for Chinese agriculture might be biased because grain production technologies may differ sharply from other crops and the changes in input shares may vary across regions and over time. Consequently, any projections on China's grain supply based on these parameters are also likely to be biased.
The second reason for choosing China is that, until at least recently, it had been a typical, centrally planned economy, which provides a testing ground for other centrally planned economies that could use the same procedure for recovering their input allocations. Input allocations in these countries' agriculture may provide important information for U.S. agricultural trade, as these countries represent potentially large trading partners for U.S. agricultural products. Understanding crop-specific technology is key to analyzing the comparative advantage of individual crop and potential trading patterns in the future.
The next section discusses the model specification and shows how a behavioral assumption is accommodated within the GME model. The third section reports estimation results. Concluding remarks and policy implications are provided in the final section.
MODEL SPECIFICATION
The agricultural sector in China produces a great number of products including major staples like rice, wheat and corn; major livestock products such as meat, wool, and dairy products; and horticultural and fishery products. Three aggregate outputs (grain crops, cash crops, and other agricultural activities) and five inputs (land, labor, chemical fertilizer, machinery, and draft animals) are considered in our analysis, based on both data availability and the desire for comparison with other studies. The production values of the above three outputs are measured in constant 1980 prices. A panel dataset including 25 provinces over the period 1975-96 is constructed from various governmental sources.
In order to minimize the heterogeneity problem inherent in Chinese agricultural production across regions, China is divided into seven production regions, following Fan (1991) , which takes into account the availability of the agricultural data, the geographical features, and the current social and economic conditions. A detailed description about data sources, coverage, and regional classification is provided in Appendix A.
To adapt the GME approach to the empirical analysis, the following CobbDouglas production function is used to represent the multi-input, multi-output technology 1 :
and
for any t and j>1, where i = 1-25 represents the 25 provinces; k=1, 2, and 3 refers to grain 1 Based on our classification of the three major activities, the interdependence among the activities is mainly through inputs instead of outputs. Therefore, the technical interdependence term, which appears in Lence and Miller's specification, is not included in our specification. Translog production function and alternative error structures are also tried, but the increase in unknown parameters would greatly complicate the nonlinear optimization problem. Furthermore, most of previous studies in Chinese agriculture use the C-D functional form (Fan 1991 , Lin 1992 , Rozelle and Huang 1996 , Fan and Pardey 1997 , and Carter and Zhang 1997 . Land allocations (planted areas for various activities) are known, but nonland input uses are observed only at the aggregate level, not at the crop-specific level.
Therefore, the parameters in (1) cannot be estimated by the standard econometric technique because multiple solutions exist due to the unknown nonland input allocations f jkt r ( ) . However, the GME method can solve this kind of underdefined problem.
The entropy concept was formalized by Shannon (1947) , with his assertion that the "information" received by one event E i is equal to -lnp i , for a given set of n events E 1 , E 2 , …, E n with probabilities p 1 , p 2 , …, p n . The entropy is defined as the expected information value, ∑ − i i p p ln . Jaynes (1957a Jaynes ( , 1957b expanded this definition as a maximum principle to choose an unknown distribution of probabilities from given moment constraints. The philosophy of maximum entropy can be stated in two principles: 1) use all the information available, and 2) do not assume (or use) any information not available. Golan, Judge, and Miller (1996) further generalized the maximum entropy method to solve many standard and ill-posed econometric problems by reparameterizing real value unknowns in terms of probabilities. Lence and Miller demonstrated the usefulness of the GME method in estimating multi-output production function and recovering unknown input allocations. The basic idea of the GME is to transform all real-value parameters into a probability form.
Since the intercept and error terms are indistinguishable, we will first estimate them together and then recover the intercepts as mean values and error terms as mean deviations. Following Golan, Judge, and Miller (1994) , we write the sum of intercept and error terms as a weighted average of known constant as follows: 
A review of existing literature on the estimations of Chinese agricultural production functions supports the hypothesis of constant return to scale in Chinese agriculture (Carter, 1995) . Therefore, we impose the constant return to scale in our estimation:
1 for any k and t.
In principle, the parameters α jkt r ( ) can also be reparameterized in terms of probabilities. But if (5) holds, these parameters may be viewed as an unknown frequency distribution and be estimated directly. 2 The GME problem can be set up as maximizing the sum of the entropy in regard to the parameters of elasticities, error frequency, and input shares: In addition, since noncrop production does not require fertilizer use, the fertilizer allocation and input elasticity for this output are set to zero. Because we do not have any prior information regarding the input allocations among crops, we choose a uniform distribution for the ex-ante shares, which is implied by the above objective function.
3
Obviously the above specification does not assume any possible relationship between the production technology and input allocations. In a planned or transitional economy, farmers' decisions on land allocation and total input use are unlikely to be determined by pure economic factors due to the distorted price system and persistent administrative interventions by governments. But when land allocations and total input uses are given (often distorted by the government), we argue that farmers have the capacity and incentive to make rational decisions to allocate their nonland inputs among 2 We find that writing the parameters in terms of probabilities significantly increases computing time only without affecting our basic conclusions. So we opt to choose this simpler specification.
3 As stated earlier, it is problematic to use national production and cost survey as prior information. So far, we have not found any other ex-ante input allocation information. If prior information is available, it can be accommodated into the objective function easily as cross entropy (see Lence and Miller for more details). crops in an efficient way, such that their total output values are maximized. If this assumption holds, the marginal returns of nonland inputs among different agricultural activities must be equal, which can be expressed explicitly as follows:
The common term of total input ijt X can be eliminated from the above constraint.
Notice this assumption is a necessary, but not sufficient, condition for the standard profit maximization. The profit-maximization assumption requires not only that the marginal return of an input be the same across different crops, but also that it be equal to the input price. In addition, the total input uses are taken as given in our estimation, as opposed to being endogenously solved using input and output prices under a profit-maximization framework. The model may also be estimated by using conventional constrained maximum likelihood method with constraints (5) and (7). But one would have to restrict the parameters to be constant over time and across regions and make strong assumptions about the distribution of error terms, because otherwise, there are not enough degrees of freedom for estimation. In our case, since we are more concerned about the regional and temporal difference, the maximum entropy method is a more appropriate technique to deal with this kind of ill-posed question.
Due to lack of prior information about the distribution of the intercept, we use a two-stage method to determinate the parameter support space. First, we set s=5 and let the distribution of the error follow a symmetric distribution around 0, i.e., { kl z }= {-6, -3, 0, 3, 6}. 4 The bound of six is chosen because it is slightly larger than the maximum absolute value of the log of all the outputs. Using this set of } { kl z , we can estimate the intercepts by maximizing (6). In the second stage, we calculate the expected value and the standard error of the intercepts for each of the three crops, and reset With the additional constraint (7) imposed, the production functions and input allocations for the seven regions can be solved using the GAMS/CONOPT2 software, which takes about 2.5 hours to run using a Pentium 400 computer.
The following pseduo-R 2 is defined to evaluate the fitness of estimations for the three equations in the seven regions.
where y kt r ( ) − is the mean value of output k at time t in region r. Although there are ways to derive asymptotic covariance expressions for some GME estimators, the problem is much complicated by the joint estimation of the shares and the parameters in this case. Hence, in this paper, the standard errors are not estimated, which may limit the confidence of the estimation results.
ESTIMATION RESULTS
The estimated input elasticities of the seven regions in the selected years of 1975, 1985 , and 1996 and pseudo-R 2 s are presented in Table 1 . The high pseudo-R 2 in Table   1 indicates good fitness in the estimated production functions in the seven regions. The national input elasticities for grain crops, aggregated from those values in the seven regions using output values as weights, are graphed in Figure 1 , and also presented in Table 2 for the year of 1985, along with other studies (see Appendix B for the derivation).
Several features are immediately apparent from Figure 1 and Tables 1 and 2 .
First, the production technologies among crops differ. From Tables 1 and 2 , it is evident that grain crops have higher land elasticity and lower nonland input elasticities compared with cash crops and other activity, while cash crops have the highest labor elasticity and lowest land elasticity. Labor in Wu and Meng refers to male agricultural labor; labor in Wu and Meng refers to male agricultural labor. Since the input variables used in alternative studies are not exactly same, we only report the estimations for the inputs that are comparable to those used in our study. As a consequence, the sum of the parameters may appear less than 1 due to the exclusion of some inputs. 85 1975 1977 1979 1981 1983 1985 1987 1989 1991 1993 1995 77 1975 1977 1979 1981 1983 1985 1987 1989 1991 1993 1995 70 1975 1977 1979 1981 1983 1985 1987 1989 1991 1993 1995 1 9 7 5 1 9 7 7 1 9 7 9 1 9 8 1 1 9 8 3 1 9 8 5 1 9 8 7 1 9 8 9 1 9 9 1 1 9 9 3 1 9 9 5 land labor fert mach draft 75 1975 1977 1979 1981 1983 1985 1987 1989 1991 1993 1995 Second, significant regional differences exist in terms of the magnitude of input elasticities. 5 For example, in 1975, the land elasticities for grain production range from 0.61 in the northeast to 0.28 in the south, while labor elasticities in these two regions are 0.14 and 0.19, respectively. Generally, land elasticities in northern and central China are greater than those in other regions, indicating that these two regions have higher marginal land productivity and therefore, greater potential for increased grain production.
Third, the changes in input elasticities in the seven regions over time share similar trends. With respect to grain crops, land elasticities have declined, while elasticities of chemical fertilizer and draft animals have increased. The elasticities of labor and machinery are relatively constant over time. Given the eventual limit on the area that can be sown, nonland input-intensive technologies such as use of more chemical fertilizer plays an increasingly important role in boosting grain production. This is consistent with the prediction by the induced innovation theory (Hayami and Ruttan, 1985) . With population increasing, the land becomes scarcer, therefore, technology development will be induced to facilitate the substitution of increasingly more expensive factor-land, for less expensive factors, such as fertilizer. For cash crops, the input elasticities of land and draft animals show an increase, while labor input elasticity shows a decrease.
Fourth, the intercepts in all the equations have increased over time, which might be attributed to technological change, however, one should be aware of the impact of possible measurement errors of output values which are measured at constant prices on the intercepts .6 Figure 2 graphs the evolutions of the five input shares for grain production over time in the seven regions, and in China as a whole. Despite some slight fluctuations, the share of grain in total input use has declined however the magnitude differs across regions. The decline is more dramatic in the south and the east, where general economies have grown more rapidly than elsewhere. For instance, the draft-animal use for the grain crops in the south falls from over 40 percent to less than ten percent over the 22 year period, compared with a mere three percent decline in the northeast. These differences across regions and over time support our argument that if total inputs for agricultural production are used, the estimated grain production function may be biased, even after both regional and time effects have been taken into account.
In terms of the aggregate input use in agricultural production, machinery and With the estimated input elasticities and input uses for all seven regions and China as a whole, we are in a position to compare the input elasticities for grain crops among different studies. The comparisons are presented in Table 2 . The two studies by Fan (1991) and Fan and Pardey (1997) , using the gross value of agricultural output (GVAO)
as a dependent variable, provide lower land elasticities compared with other studies. This is consistent with our findings that the land production elasticity for grain crops is larger than that of other crops, since grain production typically uses more land and grain is just a part of total agricultural production. Huang and Rozelle (1995) , who estimated a rice yield function by using total agricultural labor and fertilizer inputs as explanatory variables, reported a labor elasticity of 0.29. As a yield function is different from a production function, their labor and fertilizer elasticities are not comparable to other studies. However, as labor shares have changed over time and are different across regions, using total labor input would lead to biased results in their estimation. In the study by Wu and Meng (1995) , the grain production function is estimated using household survey data in which total inputs are again used instead of those for grain.
With the exception of fertilizer, most of their nonland input elasticities, are lower than those in this study. Although total nonland inputs have increased considerably over the compared with a more appropriate Törnqvist-Theil index. 1 9 7 5 1 9 7 7 1 9 7 9 1 9 8 1 1 9 8 3 1 9 8 5 1 9 8 7 1 9 8 9 1 9 9 1 1 9 9 3 1 9 9 5 35 1975 1977 1979 1981 1983 1985 1987 1989 1991 1993 1995 labor fert mach draft 25 1975 1977 1979 1981 1983 1985 1987 1989 1991 1993 1995 35 1975 1977 1979 1981 1983 1985 1987 1989 1991 1993 1995 40 1975 1977 1979 1981 1983 1985 1987 1989 1991 1993 1995 35 1975 1977 1979 1981 1983 1985 1987 1989 1991 1993 1995 labor fert mach draft 35 1975 1977 1979 1981 1983 1985 1987 1989 1991 1993 1995 study period, the increase of these inputs in grain production is relatively slow, especially after the mid-1980s. Therefore, not surprisingly, regressing total input use on the grain output will result in lower nonland input elasticities. In estimating a crop-production function, Lin (1992) derived the labor use for crop production based on the shares of crop output values. As we have demonstrated, crop and noncrop production do differ in technologies, so adjusting input on the basis of output shares will also result in biased estimation. By deriving the input uses from the Provincial Production and Cost Survey, Zhang and Carter (1997) found a similar land input elasticity for grain production to this study. One striking difference of this study from others is that the input elasticities of machinery and draft animals are higher. The higher machinery elasticities for the three production activities justify the observation of a tremendous increase in total machinery use over the last two decades. Since the fertilizer used in this study refers only to chemical fertilizer, the high draft animal elasticity might be due to the dual roles of draft animals in providing both power and manurial fertilizer.
CONCLUSIONS AND POLICY IMPLICATIONS
The GME approach is used for the first time in this study to empirically estimate multi-output production functions and input allocations in Chinese agriculture. Several conclusions can be drawn. First, production technologies of various crops do differ from each other, implying that simply adjusting nonland input uses with the shares of output values is problematic because its underlying equal input elasticity assumption is unrealistic. By properly estimating the multi-input and multi-output production functions, we find that the land elasticity for grain crops in this study is lower, while the nonland input elasticities are generally higher. The increasing trend of chemical fertilizer elasticities and the relatively large machinery elasticity suggest that the rate of adoption of modern technologies may be higher than previously thought.
Second, input shares for crops do change over time, suggesting that a bias exists in estimating grain production function using total nonland inputs as proxies for a specific crop. The input shares for grain crops generally decreased over time. Even in terms of absolute values, labor and draft animal inputs in grain production have been stagnant.
For China as a whole, farmers are increasingly relying on modern inputs such as chemical fertilizers and machinery.
Third, differences in the estimated parameters among regions indicate that regional differences have to be taken into account when modeling China's grain production. Our results suggest high grain production potentials in the northern and central parts of China, especially in the northeast region. In the more developed eastern and southern regions, farmers have shifted their resources towards more profitable cash crops and other agricultural production activities. Higher nonland input elasticities for grain production imply that China may continue to increase nonland inputs to promote future grain production. China has abundant labor and nonland inputs, but limited land resources, therefore the potential for more grain production may have been underestimated.
As the real contention over China's trade position on grain in the future is focused on the potential of grain production, it is crucial to identify grain production technology correctly. By properly dealing with input allocations and regional heterogeneity, this study provides a better and richer set of parameters for modeling China's food balance in the next century. to migrate from inland to coastal areas, albeit with many institutional restrictions (Kanbur and Zhang, 1999) . Therefore, it may be reasonable to assume equal labor growth across regions. Given this assumption, we have dL L L dL i i = . Using this identity, the national elasticity can be written as: 
